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ABSTRACT 
C.  R.  Kilheffer.  Effects of Landscape Composition and Structure on Abundance and 
Distribution of Urban White-Tailed Deer, 76 pages, 8 tables, 13 figures, 4 Appendices, 2014. 
 
 
Expanding urban white-tailed deer populations are causing concerns for wildlife professionals 
and residents. I used distance sampling to estimate deer population density and abundance in 
the eastside communities of Syracuse, New York.  I estimated a population size of between 93 - 
159 deer (mean: 121) for 28.9 square kilometers of the study area.  I classified high resolution 
orthoimagery and identified patches of cover with deer behavior thresholds and an animal-
centric delineation algorithm. I predicted deer abundance from binomial mixture models and a 
suite of landscape covariates.  Model weight of evidence supported variables corresponding to 
cover, food, and water constituents on the landscape. Deer population density predicted from 
abundance modeling was 73% higher than the distance sampling estimate indicating a 
substantial bias.  Because assumptions associated with distance sampling and mixture modeling 
were reasonably met, low encounter rates with deer during sunrise surveys are the probable 
cause of the observed discrepancy.    
 
 
Keywords: binomial mixture model, density, distance sampling, habitat use, image 
classification, scale-dependence. 
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Prologue 
During the last decade, urban land-use priorities have focused on greening projects 
(Konijnendijk and Randrup 2002), such as developing green spaces and planting trees.  
Increasing the amount of green space creates a more aesthetically pleasing environment for 
urban residents (Campbell 1996), provides important ecosystem services (Nowak et al. 2008) 
and encourages wildlife movement (Schiller and Horn 1997, Li et al. 2005).  Assessments of 
urban greening projects on wildlife are just now emerging in the literature with heavy 
taxonomic focus on birds (Lerman et al. 2014) .  
Aldo Leopold identified three welfare factors that all wildlife need to survive and 
reproduce: food, cover, and water (Leopold 1933).  The supposition is that these factors 
develop over time from well-planned urban greening projects (Gong et al. 2013).  In the face of 
unoccupied habitat and a lack of certain decimating factors, however, wildlife populations have 
the potential to grow to nuisance levels in urban areas.  Topping the list of species that seem to 
thrive in urban areas is the white-tailed deer (Odocoileus virginianus).  Untold thousands of 
dollars have been spent reducing urban deer populations, but very little research has focused 
on factors that might be managed to prevent deer overabundance. 
Deer overabundance is not a new problem (McShea et al. 1997), though the expansion 
of deer into urban areas is a relatively recent phenomenon (Witham and Jones 1990, 
McCullough et al. 1992, Conover 1995), introducing new management challenges surrounding  
public health, safety and nuisance abatement (Decker and Richmond 1995).  White-tailed deer 
are adaptable and tolerant of human activity, which allows them to thrive in urban areas 
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(Piccolo et al. 2000).  Issues associated with deer overabundance in urban areas are 
multifarious and their resolutions are nearly always controversial (Jones and Witham 1995).     
  This thesis is part of a broader exploration of white-tailed deer range expansion.  In 
theory, range expansion requires 1) unoccupied habitat, 2) a nearby source population of 
potential colonizers, 3) and one or more functional corridors to facilitate dispersal from 
occupied to new habitat.  Studies in rural areas have shown relationships between abundance 
and quality of food or cover (Roseberry and Woolf 1998, Long et al. 2005), but few have 
quantified habitat constituents in urban areas (Swihart et al. 1995)  and none have addressed 
the mechanisms of colonization.  In order to understand the mechanisms leading to the 
expansion of deer into urban areas, an analysis of habitat suitability and the role of landscape 
connectivity is crucial.  In this thesis, I attempt to quantify deer habitat constituents in an urban 
area and identify potential approaches for studying landscape connectivity. 
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Study Area 
The Syracuse Metropolitan Area (SMA) is located at 43° 03’ N and 76° 10’ W, near the 
center of Onondaga County, New York.  The salt industry brought development to Onondaga 
County, specifically Syracuse, in the late 1800s, which caused drastic land-use changes and 
subsequent forest loss.  After the industrial revolution, many cleared areas were abandoned 
and allowed to regenerate.  Farming and agriculture increased after the Great Depression and 
forests were fragmented and cleared again.  The land cover in Onondaga County currently 
consists of patchy forest surrounded by non-forested areas resulting from the county’s dynamic 
land-use history (Zipperer et al. 1997).  Flooding is common in the north and northeast areas of 
Syracuse after increased development has decreased the number of tree-covered areas, so 
water is abundant in the area (Hill 1985, Nyland et al. 1986).  Elevation varies from 110 – 240 m 
within the SMA due to glacial erosion (Van Druff and Rowse 1986).  Onondaga County is humid 
due to its close proximity to Lake Ontario, and annual precipitation is high (90 cm yr-1), of which 
45% is rain (Hill 1985). In Syracuse, average temperatures in January and July range from -9 C to 
-1 C and 16 C to 28 C, respectively (NOAA 2014). 
The SMA includes urban neighborhoods, suburban areas and scattered, exurban 
residential communities (Nyland et al. 1986), and is home to approximately 144,000 people 
(USCB 2012).  I conducted this study in the eastside communities of Syracuse, of which 
approximately half lie within the city limits (i.e., TNT-5, Tomorrow’s Neighborhoods Today).  
Syracuse’s eastside communities encompass an area of approximately 40 km2, bounded by I-
481 to the south and east, I-81 to the west and I-690 to the north.  They are residential 
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communities of professionals and students associated with the area’s institutions of higher 
education, medical and health care facilities and primary and secondary schools.   
 Using data from the National Land Cover Database, the majority of the study area is 
classified as either low-high intensity development or developed open space (Jin et al. 2013).  
The forested areas are patchy (Fig. 1.1), and the green spaces are comprised of cemeteries, golf 
courses, city parks, and undeveloped private property.  Tree cover (i.e., the projection of the 
canopy onto a horizontal plane) in the TNT-5 portion of the study area is approaching 30% 
(Nowak and O’Connor 2001).  The deer population has irrupted into the area over the past 25 
years, resulting in a substantial increase in deer-human conflicts.  In a survey of residents 
conducted in the early 1980s, deer were mentioned in passing (Van Druff and Rowse 1986, 
O’Donnell and Van Druff 1987).  In a more recent survey, deer issues were the primary concern 
among residents (J. Simonis, pers.  comm.).  City and county planners in Syracuse and 
Onondaga County, New York collectively formed a Deer Task Force in 2012, whose main focus is 
to plan and implement a management strategy for their irrupting urban deer population.  
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Chapter One: Abundance and distribution of white-tailed deer in the eastside communities of 
the Syracuse Metropolitan Area. 
 
Introduction 
White-tailed deer (Odocoileus virginianus) adapt to human-dominated landscapes 
quickly, and are flourishing in many urban areas (Piccolo et al. 2000).  The urban deer problem 
as a phenomenon is not new, however, and has been clearly documented and defined 
(McCullough et al. 1992, McAninch 1995).  Conflicts arise when deer populations surpass 
human tolerance thresholds (Decker and Purdy 1988, Loker et al. 1999).  In high abundance, 
deer are destructive to gardens and ornamental shrubs and trees (Conover and Kania 1988).  
Deer-auto collisions cause expense and injury concerns to urban travelers (Etter et al. 2002), 
and deer may carry ticks infected with Lyme disease (Bosler et al. 1984, Callister et al. 1991).   
To effectively manage populations of white-tailed deer in urban areas, an estimation of 
abundance is often necessary to make informed decisions about where to wisely expend scarce 
resources (Etter et al. 2000).  There are many methods for estimating the abundance of deer 
(O’Connell et al. 1999, Curtis et al. 2009, Storm et al. 2011).  Every method has assets and 
liabilities with land-use and financial means being the predominant constraints in the selection 
of a particular technique.  Estimating deer abundance in urban areas is especially challenging 
due to diverse property ownership and its impact on accessibility, and the effect of the built 
environment on the ability to deploy certain methods.   
Aerial surveys have been effectively used in urban and suburban settings (Witham and 
Jones 1990, Porter and Underwood 2001), but they are prone to bias unless conducted under 
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ideal survey conditions (Beringer et al. 1998) as many animals may go undetected (Kufeld et al. 
1980, Pople et al. 1998).  Accounting for missed detections is important to prevent false 
absences (MacKenzie et al. 2006), which biases density and abundance downward.  In addition, 
costs associated with aerial surveys often preclude replication, which is essential for producing 
reliable estimates of abundance (Seber 1982).  Other methods include the use of Forward-
looking Infrared (FLIR)  scanning technology (Garner et al. 1995, Belant and Seamans 2000, 
Millette et al. 2011, Storm et al. 2011) and the use of infrared-triggered trail cameras (Rowcliffe 
et al. 2008, Curtis et al. 2009).  While these methods have been used successfully in certain 
contexts, they entail high operational costs or require marked or radio-collared individuals for 
which additional trapping and tagging costs will be incurred (Pooler et al. 1997).  My motivation 
was to find a method that was inexpensive, amenable to replication and robust to the nearly 
certain prospect of missed detections of deer in a heterogeneous urban environment.   
 In this chapter, I describe an adaptation of distance sampling used extensively for 
abundance estimation (Thomas et al. 2010).  The adaptation includes counting deer from public 
roads, which obviates the need to access private property, and also accommodates curving 
transects.  In addition, I use sampling design principles and replicate surveys for robust, 
statistical estimation of abundance that explicitly deals with estimating the proportion of 
missed detections.  My specific research objectives are to: 
1. estimate the abundance of deer in the eastside communities of the Syracuse 
Metropolitan Area (SMA) from spring to autumn, and  
2. map the distribution of deer to understand how abundance varies spatially across a 
heterogeneous, mixed-use urban landscape. 
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Methods 
 I used distance sampling (Thomas et al. 2010) to estimate deer density and abundance 
along curving paths, such as roads (Pierce 2000, Hiby and Krishna 2001).   I conducted weekly 
roadside counts of deer from April 2013 through October 2013.  White-tailed deer are active at 
both dawn and dusk (Saunders 1989), and after preliminary trials, I decided to conduct counts 
shortly after official sunrise.  Surveys conducted prior to sunset, while preferred, were 
logistically intractable due to heavy vehicular and pedestrian traffic.  A route of approximately 
20 km was generated by randomly selecting entry and exit locations, initiating from the exterior 
and traversing across the study area (Fig. 1.2).  The traverse consisted of randomly selected 
road segments whose average turn angles minimized the probability of encountering the same 
deer along different road segments.  Each route was selected to ensure timely completion of 
counts.  
 Because deer are moderately social animals (Hirth 1977), I used deer clusters (≥1 deer) 
as the sampling unit.  The radial distance to each cluster was recorded using a handheld laser-
rangefinder and the angle relative to the compass heading of the vehicle was measured from a 
window-mounted protractor.  I recorded the location of each detection along the roadside 
using a Global Positioning System (GPS) receiver.   
I used mapping software, Topofusion (S. Morris and A. Morris, Tucson, AZ), to convert 
the coordinates for routes and points into shapefiles to be used in a geographic information 
system (GIS; ArcGIS ver. 10.1, ESRI, Redlands, CA).  Using the radial distance and angle to each 
detection, I projected the location of each deer cluster as an offset relative to the position of 
the vehicle.  I calculated the perpendicular distance of each cluster offset to the survey route by 
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using the near function in ArcGIS. The near function was used instead of trigonometric 
computation because some road segments were curved (Hiby and Krishna 2001).  In addition, I 
calculated a smoothed representation of the spatial intensity of cluster offsets using ESRI’s 
point density estimator function (Mitchell 1999) with an output cell resolution of 45 m and 
search radius of 700 m.  Cluster size was identified as the “population” field for which intensity 
was evaluated.  Variation in the density of detected clusters was represented by a stretched 
color ramp, and only values of ≥1 cluster offset km-2 were displayed.  
Unlike conventional deer counts conducted along roadsides, the distance sampling 
method accommodates the near certainty that some deer go undetected due to human factors 
that erode search performance.  The density estimated by distance sampling has three variance 
components: encounter rate, probability of detection and cluster size (Buckland et al. 2001).  
Encounter rate, the number of clusters encountered per unit effort, is influenced primarily by 
the daily and seasonal activity level of deer.  Probability of detection is computed by modeling 
the frequency of detections as a function of perpendicular distance from the survey route.  
Cluster size is determined for each detection based on social, behavioral, and proximity cues 
(Underwood et al. 1998).  The component sources of variance are statistically combined using 
the delta-method (Seber 1982, Buckland et al. 2001).   
 I derived a multiplier to adjust abundance upward based upon evidence that sunrise 
counts consistently underestimate encounter rates with deer relative to sunset counts 
(Underwood et al. 1994).  I examined encounter rates of deer counted along a 17.1 km route at 
Saratoga National Historical Park (N 42° 59' 44" W 73° 38' 10") for which sunrise and sunset 
counts were available.  I created a bivariate plot of the ratio of encounter rates from sunset and 
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sunrise counts by month and looked for departures from parity.  Finally, I used the mean ratio 
for months in which I conducted surveys, weighted by the total length of roadway sampled in 
each month, to derive a multiplier to be used to correct for unequal availability of deer. 
 For density and abundance estimation, the perpendicular distances of cluster offsets to 
their respective survey routes were exported to PROGRAM DISTANCE (Version 6.0, 
http://www.ruwpa.st-and.ac.uk/distance/, accessed 12 Mar 2014).  I estimated density for each 
month by pooling distances among months and treating encounter rates and cluster sizes as 
spatio-temporal replicates.  I estimated deer density for the interior 28.9 km2 of the study area 
due to lack of road coverage in other areas.  I discarded the largest 10% of distances to avoid 
additional adjustment terms that may be needed to fit a long tail to the detection function; 
these distances contribute very little to effective area sampled but would decrease precision 
(Thomas et al. 2010).  I used Akaike’s Information Criterion (AIC) to select the best detection 
function model (Anderson 2008).   Finally, overall density was computed from monthly 
estimates, weighted by the total length of roadway surveyed.  The uncertainty around 
encounter rate was estimated empirically, rather than through modeling (Fewster et al. 2009), 
and 95% confidence intervals were constructed around overall abundance (Buckland et al. 
2001). 
 
Results  
 I conducted forty-three counts of deer between 8 April 2013 and 13 October 2013, and 
sampled 999 km of roadway (Table 1.1).  Of the 327 km of roadway available for sampling at 
any given time, 48 km (14.7%) were never selected; all others were surveyed up to 3 times.  The 
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vast majority of road segments not sampled was concentrated in the northwestern, heavily 
urbanized portion of the study area (Fig. 1.3), where vehicle traffic was too heavy for safe 
counting and where no deer were detected in this area during the first two months.  Other road 
segments not surveyed were predominately cul-de-sacs which were avoided to prevent 
backtracking along previously searched areas.  One-hundred and twenty clusters of deer were 
detected in a broad band stretching from southwest to northeast across the study area (Fig. 
1.4).  Most detections were located south and east of Meadowbrook Drive, with a noticeable 
concentration between Drumlins Country Club and St. Mary’s cemetery.  Average cluster size 
over the course of the study was 1.87.  Cluster size was lowest in June and highest in 
September (Table 1.1).   
 Detection of deer clusters was essentially perfect out to a distance of approximately 20 
m and declined rapidly with increasing distance from the roadway (Figure 1.6).  The effective 
strip half-width, the distance where the proportion of clusters detected further away equals the 
proportion missed at closer range, was about 40 m.  Estimated probability of detection out to 
approximately 80 m was 49% with associated precision of <10%. 
The ratio of sunset:sunrise encounter rates demonstrates a pronounced departure from 
1:1 in April, approaching 2:1 by June (Fig. 1.5) before declining to parity in August.  Using 1.48 
as the encounter rate multiplier, I estimated mean abundance for the interior 28.9 km2 of the 
study area to be 121 deer (95% CI: 93 deer to 159 deer; Table 1.2). 
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Discussion 
 Average abundance (density: 4.2 deer km-2) across the study area is low relative to other 
urban areas with reported densities in excess of 20 deer km-2 prior to population management 
(Witham and Jones 1990, Gorham 2005).  Low abundance may indicate that the population is 
still expanding, a process that could take decades depending on the degree of habitat 
connectivity.  While sightings were noted during the early 1980s, deer were not viewed as a 
nuisance in surveys of residents of the area (Van Druff and Rowse 1986).  Still, local deer 
density is quite high in some portions of the study area and probably exceeds the estimated, 
average density by a factor of 5 to 10 times (Fig. 1.4).  The cluster size variation I observed is 
entirely consistent with what is known about deer sociality throughout the year (Masters and 
Sage 1985, Nelson and Mech 1992).     
The estimation of wildlife abundance is a challenging undertaking in any context, but 
more so in urban areas where traditional tools and methods are infeasible, unavailable or 
untested.  For example, counts of deer are typically conducted at night with the aid of a 
powerful spotlight (Underwood 2010), which would be intrusive and problematic in residential 
neighborhoods.  The use of distance sampling in a study area like the eastside communities 
works reasonably well for several reasons.  First, it can be conducted from public roads 
obviating the need to obtain permission from hundreds of private landowners.  Second, it is 
vastly less expensive compared to other methods of abundance estimation due to lower start-
up and operational costs.  Third, it requires minimal training as the data are not difficult to 
collect.  Perhaps most importantly, distance sampling accounts for missed detections.  In my 
surveys, about half of all clusters of deer, out to a distance of 80 m, went undetected (Figure 
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1.6).  Finally, distance sampling is underpinned by a substantial body of theory and supported 
by state-of-the-art software (Buckland et al. 2001, Thomas et al. 2010).  The primary 
disadvantage of the method is a fairly steep learning curve associated with statistical design 
principles and the nuances of detection function modeling.     
 The distance sampling approach to deer abundance estimation was first adapted and 
applied in a heavily urbanized barrier island community off the south shore of Long Island, New 
York (Underwood et al. 1998).  The methodology has since been implemented in dozens of 
state (LaRue et al. 2007), national and municipal parks all across the Northeast, National 
Capital, and Midwest Regions of the US (Underwood et al. 1998, Bates 2007, Underwood 2010, 
Underwood and Knutson 2011).  I am aware of only three other applications of mapping deer 
in-situ using GPS, GIS, and planar geometry (Blake and Brown 2001, Pierce 2000, Peitz et al. 
2007).  With modest financial investment, a complete system for collecting the geospatial data 
from a vehicle with seamless interoperability with popular desktop GIS applications is possible.   
 However, a few caveats are in order.  First, sampling animal populations from roads is 
fraught with difficulty as wildlife can be either attracted to or repelled from roadways, with 
serious implications for abundance estimation (Anderson 2001, Marques et al. 2010).  McShea 
et al. (2011) reported that high road density and long sighting distances can lead to biased deer 
density estimates.  While road density was high in the eastside communities, long sighting 
distances were infrequent.  Additionally, while the road network in my study area was 
extensive, many undeveloped patches of vegetation were not sampled leaving open the 
possibility that important land cover-types were underrepresented.  Finally, the multiplier I 
derived was from a long-term study of deer in a rural setting (Underwood et al. 1994).  The 
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weighted average value of 1.48 (i.e., nearly 50% inflation) corresponds to a time of year of 
maximum disparity between sunset and sunrise counts, and reflects greater nocturnal activity 
of deer at this latitude (Hirth 1977).  In urban areas, there is additional evidence that deer are 
even more nocturnal in their activity patterns (Walter et al. 2011, Agetsuma et al. 2014); thus, 
the validity of the multiplier I used is uncertain.  In total, the combination of diminishing  
encounter rates with deer during sunrise counts and inadequate sampling of large patches of 
escape cover suggests that both density and abundance may be biased low. 
Conclusions 
Distance sampling along roadways in an urban environment appears to be a feasible 
alternative to more expensive methods for the estimation of deer density and abundance.  
Future research should establish the degree to which: (1) encounter rates with deer during 
sunrise counts differ from sunset counts, and (2) the area sampled along roadways adequately 
represents the entire study area.   
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Table 1.1. Number of counts by month including the cumulative effort (km), number of 
detections and average cluster size for counts of white-tailed deer in the eastside communities 
of Syracuse, NY, 2013.   
Month No.  of Surveys 
Total Effort 
(km) 
No.  of  
Detections 
Avg.  Cluster Size 
(SE) 
April 3 67.9 10 2.0 (0.33) 
May 9 168.5 17 2.2 (0.34) 
June 12 319.6 42 1.3 (0.09) 
July 5 126.5 15 2.1 (0.19) 
August 6 140.3 13 2.3 (0.21) 
September 5 108.6 14 2.6 (0.27) 
Octobera 3 68.0 9 1.6 (0.33) 
asize-bias adjusted cluster size for this month only (Buckland et al. 2001) 
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Table 1.2. Estimated deer density and abundance from Program DISTANCE for the eastside 
communities of Syracuse, NY, April-October, 2013. 
     95% Confidence Interval 
Variable Estimate % CV dfa Lower Limit Upper Limit 
Density (deer km-2) 4.20 13.1 21.3 3.21 5.51 
Abundance 121   93 159 
aSatterthwaite degrees of freedom (Buckland et al. 2001). 
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Figure 1.1. Coastal Change Analysis Program (C-CAP) Land Cover Atlas map showing forested 
areas for the Syracuse Metropolitan Area (NOAA 2005). 
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Figure 1.2.  Entry and exit points of routes selected at random throughout the eastside 
communities of Syracuse, New York. 
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Figure 1.3.  Road segments selected at least once during counts of white-tailed deer in the 
eastside communities of Syracuse, New York, April – October, 2013. 
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Figure 1.4.  Location, size and smoothed density of deer clusters (≥1 deer) detected during 
sunrise counts conducted throughout the eastside communities of Syracuse, New York from 
April – October, 2013. 
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Figure 1.5.  Ratio of sunset:sunrise encounter rates (No. km-1) with white-tailed deer during 464 
counts conducted along a 17.1 km route at Saratoga National Historical Park, Saratoga County, 
New York.  A 1:1 correspondence between sunset and sunrise encounter rates is indicated by 
the solid line. 
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Figure 1.6.  Pooled detection function modeled from perpendicular distances computed for 
cluster offsets of white-tailed deer counted along random traverses in the eastside 
communities of Syracuse, New York, April – October, 2013.   
  
Key function/Adjustments:   Hazard/Cosine  
Prob. Detection:   0.49  
CV for Detection:      9.06% 
ESW:     39.6 m 
 
PERPENDICULAR DISTANCE (m) 
 
 Key function/Adjustments:   Hazard/Cosine  
Prob. Detection:   0.49  
CV for Detection:      9.06% 
ESW:     39.6 m 
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CHAPTER TWO: Effects of landscape composition and structure on abundance and 
distribution of an urban white-tailed deer population. 
 
Introduction 
Habitat is defined as the biotic and abiotic factors that allow a species to survive and 
reproduce (Hall et al. 1997).  Habitat constituents for white-tailed deer include fresh water, 
escape cover for rumination, and shrubs and grass for food (Shoesmith and Koonz 1977, 
Mysterud and Østbye 1999, Piccolo et al. 2000, Grund et al. 2002).  Much of our understanding 
of space use and habitat preference of white-tailed deer is derived from studies over large 
spatial extents (>100 km2) or in rural areas (Tierson et al. 1984, Nelson and Mech 1992, Nixon et 
al. 1991, Gaughan and DeStefano 2005).  However, radio-telemetry studies of deer in urban and 
exurban environments indicate substantially smaller home range sizes (Cornicelli et al. 1996, 
Porter et al. 2004, Urbanek and Nielsen 2013), smaller daily and seasonal movements 
(Shoesmith and Koonz 1977, Grund et al. 2002) and different foraging patterns than in rural 
areas (Walter et al. 2011), ostensibly reflecting a more fine-grained response to the distribution 
of food and cover across the landscape (Dechen Quinn et al. 2013). 
In rural areas, deer habitat constituents are recognizable features of the natural 
landscape ― principally discrete patches of vegetated land cover in close proximity to abundant 
or nutritious forage (Roseberry and Woolf 1998).   In urban areas, habitat constituents are often 
interspersed and comprised of subtle features of both the natural and built environment 
(Gorham and Porter 2011).  Municipal nature centers, heavily vegetated residential areas, 
vacant industrial lots, institutional and corporate lawns and golf courses all potentially offer 
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forage and cover for deer (Schiller and Horn 1997, Piccolo et al. 2000, Porter et al. 2004, 
Urbanek and Nielsen 2013).  In the northeastern US, water is naturally abundant and typically 
not a limiting resource for deer (Cypher and Cypher 1988). 
Analyses of landscape configuration on home range (Dechen Quinn et al. 2013, Walter 
et al. 2009, Gaughan and DeStefano 2005), abundance (Urbanek and Nielsen 2013), distribution 
(Witham and Jones 1990), and space use (Walter et al. 2011) of white-tailed deer consistently 
show strong relationships with a suite of patch metrics, especially forest patch size (Roseberry 
and Woolf 1998, Miranda and Porter 2003, Dechen Quinn et al. 2013).  In addition, the 
presence and abundance of deer during winter consistently correlates with total area of 
forested land cover in wooded (Hurst and Porter 2008), agricultural (Nixon et al. 1988, 
Roseberry and Woolf 1998, Long et al. 2005), and suburban landscapes (Witham and Jones 
1990, Gorham and Porter 2011).  Thus, the juxtaposition of forage in close proximity to escape 
cover emerges as a key element of habitat suitability for deer (Roseberry and Woolf 1998, 
Mysterud and Østbye 1999). 
While habitat suitability has been quantified for white-tailed deer in some parts of its 
continental range (Short 1986, Crawford and Marchinton 1989, Roseberry and Woolf 1998, 
Miranda and Porter 2003), limited characterization has been formulated for urban areas 
(Gorham 2005).  The goal of this chapter is to explore the spatial distribution of habitat 
constituents, based on behavioral and perceptual responses of deer to landscape configuration 
(i.e., composition and structure), in a heterogeneous urban landscape.  Specifically, my 
objectives are to: 
1) characterize the distribution of food, cover, and water from land cover composition, 
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2) delineate patches of vegetation that qualify as potential escape cover, and 
3) model deer abundance as a function of land cover composition and structure to 
explore spatial scale sensitivity of deer. 
 
Methods 
Land Cover Characterization 
 I obtained digital orthoimagery for the city of Syracuse and the towns of Dewitt and 
Onondaga from the New York State GIS Clearinghouse (https://gis.ny.gov/; Appendix A).  The 
leaf-off, color orthoimagery from 2012 has a pixel size of 0.15 meters.  I imported the three 
images into ArcGIS (ver. 10.1, ESRI, Redlands, CA), where I used the mosaic tool to combine 
them into a single image.  I created training samples for 21 classes of land cover: natural water, 
pools, softwood, hardwood, mixed forest, bare ground, maintained grass, unmaintained grass, 
shrub/wetland, rock, walkways, dark pavement, light pavement, parking lots, sports fields, six 
different colored buildings and shadows.  Each training sample was created using polygons 
from various locations throughout the image to account for light and shade differences in the 
photography.  I conducted a supervised classification using ArcGIS on the mosaicked image 
using a maximum likelihood classification scheme (Gorham 2005).  The raw classified image was 
then edited in ArcGIS.  I rid the classified image of water noise using pixel-by-pixel editing.  
Water noise, in this case, was mainly a result of (1) misclassifications of impervious surfaces as 
water and (2), misclassification of pools as impervious due to off-season coverings.  To remove 
water noise, I (1) extracted the water class, (2) converted the raster file to a polygon shapefile, 
(3) removed all misclassified polygons, (4) identified and carefully traced covered pools, (5) 
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converted the corrected water polygons back to raster, (6) reclassified the original, incorrect 
water class to impervious in the raw classified image, and (7) combined the corrected water 
class raster with the raw classified image.  The shadow class was reclassified using nibble, which 
replaces cells of a raster mask corresponding to their nearest neighbor values.  The edited 
image was then reclassified into trees, grass, water, impervious and shrub/wetland.  
Pavements, buildings, bare ground, rock, and walkways were combined into the impervious 
class.  Single trees were identified due to the fine spatial resolution of the orthoimagery, so the 
tree class cannot be considered forest.  I used a 3-by-3 majority filter twice to smooth the final 
land cover image. 
 I used a stratified accuracy assessment technique on the final classification to quantify 
the utility of the classified image (Van Deusen 1996, Stehman and Czaplewski 1998).  I 
converted each class into a polygon shapefile and created 100 random points within each using 
Geospatial Modelling Environment (Version 0.7.2.1, http://www.spatialecology.com/gme/, 
accessed 10 Nov 2013).  To ensure maximum coverage, I defined a 75 m buffer between points 
within each land cover class.  Land cover for each of the 500 pixels isolated by the random 
points generator were identified using the original orthoimagery.  Visual identifications were 
compared to the land cover types determined by the classification, and I calculated accuracy 
using an error matrix (Congalton 2005).  I also calculated a  ̂ statistic, which assesses the 
difference between chance agreement and actual agreement between reference data and 
classified data (Lillesand et al. 2004).   I reclassified the final land cover raster into a Boolean 
raster of escape cover, which consists of shrubs/wetlands and trees. 
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Patch Delineation 
Typical patch delineation is conducted using a contiguity criterion, where adjacent units 
of the same type (in this case, land cover class) are lumped into one larger spatial unit.  The 
contiguity criterion is arbitrary and sensitive to the minimum mapping unit of the land cover 
data (Girvetz and Greco 2007).  I adopted an animal-centric approach to identify patches within 
the eastside communities of Syracuse based on white-tailed deer behavior (Behrend and 
Lubeck 1968, Cornicelli et al. 1996, Piccolo et al. 2000, Gaughan and DeStefano 2005).  
PatchMorph, an ArcGIS habitat patch delineation tool (Version 10.0, 
http://faculty.washington.edu/girvetz/drupal/PatchMorph, accessed 10 October 2013), 
requires classified imagery containing habitat and non-habitat distinctions, and two animal-
centric perception values: gap and spur thresholds.  The maximum habitat gap thickness is 
defined as the width of a strip of unsuitable habitat within suitable habitat considered part of a 
patch by the organism of interest.  The optimal distance to cover for deer is between 200 m and 
500 m (Roseberry and Woolf 1998).  Due to the highly fragmented and fine-grained patchiness 
of urban areas (Hill 1985), I designated a maximum gap thickness of 250 m.  The spur, minimum 
habitat patch thickness, is defined as the width of suitable habitat, when surrounded by 
unsuitable habitat, still utilized by the organism.  The minimum distance at which deer show a 
behavioral flight response is approximately 30 m (Behrend and Lubeck 1968); therefore, I 
adopted a minimum spur size of 25 m.  PatchMorph uses these thresholds to create a 
hierarchical patch network. 
To assess the influence of varying spur and gap thicknesses on the abundance of deer, I 
ran the PatchMorph algorithm with a range of spur and gap thickness values from 25 m to 150 
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m in 25-m increments, and also included 200 m and 250 m.  Initial inspection of connectivity 
networks constructed from varying gap sizes revealed striking visual differences.  Large (>150 
m) gap sizes resulted in an entirely connected landscape and smaller (<100 m) values failed to 
identify patches that are likely utilized by deer.  I selected a maximum gap thickness of 125 m, 
and used abundance modeling and multi-model inference to identify a spur size best supported 
by the data (Anderson 2008).  
I used the ArcGIS split raster tool to tile the final land cover and PatchMorph rasters into 
1-km2 blocks, the average size of home ranges for urban deer (Cornicelli et al. 1996, Piccolo et 
al. 2000, Walter et al. 2009, Rhoads et al. 2010).  I calculated land cover composition and patch 
metrics for each tile using a spatial analysis ArcGIS extension, Patch Analyst (Version 5.1, 
http://www.cnfer.on.ca/SEP/patchanalyst/, accessed 14 Jan 2014).  The land cover tiles were 
analyzed by class to determine the percent composition (impervious, water, tree, shrub, and 
grass) of each tile.  The Patch Analyst tiles were analyzed for three patch metrics: mean patch 
size (MPS), number of patches (NP) and total edge (TE) due to their direct biological significance 
to deer (Foster et al. 1997, Plante et al. 2003, Walter et al. 2009).  I conducted a principal 
component analysis among the composition variables (Multi-Variate Statistical Package, 
Kovach Computing Services, Anglesey, Wales) to assess variable correlation. 
 
Abundance Modeling 
 Mixture models use temporal replicates to model abundance and detection probability 
concurrently, which makes them ideal for my analysis (Royle 2004, Joseph et al. 2009).  Mixture 
models were fit to the cluster detections (Chapter One) by including landscape composition and 
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structure site covariates (Royle 2004).  Due to the large number of tiles that were not sampled 
during any given survey, I conflated the counts into 2-week time periods to reduce the number 
of missing observations.  Using the R package Unmarked (Version 0.10-3, http://cran.r-
project.org/web/packages/unmarked/index.html, accessed 10 Mar 2014),  I modeled cluster 
detections as N-mixture models and used multi-model inference (Joseph et al. 2009) to choose 
among Poisson, negative binomial and zero-inflated Poisson distributions.  I included covariates 
corresponding to landscape variables associated with different PatchMorph spur sizes.   
I constructed models in two categories: composition and structure.  I used Akaike’s 
Information Criterion (AIC) to select models best supported by the data in four nested  
candidate sets: (1) models using different probability distributions to describe the binomial 
counting process, (2) models using landscape composition variables given a count distribution 
model, (3) models using mean patch size at various spur sizes and a count distribution model, 
and (4) models using the best-supported spur size with two additional patch metrics, total edge 
and number of patches.  Because escape cover is a key habitat constituent for deer, I used 
mean patch size to identify perceptual/behavioral responses of deer to landscape 
configuration; total edge and number of patches were evaluated once a spur size was selected.    
 I conducted goodness-of-fit tests on models exhibiting the highest weight of evidence 
within each candidate set by using the parametric bootstrap (Royle et al. 2004, Kéry et al. 
2005).  I tested for unmodeled heterogeneity by calculating  ̂, an over-dispersion parameter, 
for each model using the Χ2-values from the original and simulated models in the bootstrap 
procedure.  Models exhibiting high goodness-of-fit have a  ̂-value close to 1; values >1 indicate 
more variation in the observed data than predicted by the model (MacKenzie and Bailey 2004).  
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For the best-fitting models, the predicted cluster densities and standard errors were exported 
from the N-mixtures models using the predict function in Unmarked.  To visualize the modeled 
abundance of deer across the study area, the predicted cluster densities were mapped using 
ArcGIS.  I used a simple ordination to visualize the tiles based on their dominant land-use type, 
and I plotted percent land cover for the full tile versus percent land cover for the 39.6 m 
effective strip half-width (Chapter One) around all roads sampled in each tile to quantify 
discrepancies between survey routes and the entire study area.  
 
Results 
The classified orthoimage produced a highly detailed map of land cover composition 
(Figure 2.1) with an overall accuracy of 85% (Table 2.1) and a  ̂ statistic of 0.81.  Splitting the 
raster image resulted in 39, 1-km2 blocks.  For consistency, all blocks along the perimeter of <1 
km2 in area were removed from analysis.  Patch Analyst revealed a variety of composition 
differences among tiles (Appendix B).  High correlations among composition and structure 
variables were also evident (Appendix C), so I modeled composition and structure separately.  A 
principal component analysis of landscape composition returned interpretable latent variables 
characterizing cover, water and food resources for deer (Table 2.2).  I interpreted the first 
latent variable as “cover” due to the magnitudes and signs of eigenvector weights for percent 
impervious versus percent tree and percent shrub.  The second latent variable was interpreted 
as “water” based on the magnitude of the eigenvector weight for percent water.  Finally, I 
interpreted the dipole (based on magnitude and signs of eigenvector weights) between percent 
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grass and percent tree as indicating a gradient from cover to food comprised of grassy and 
shrubby areas.   
PatchMorph identified a patch network decreasing in connectivity as the spur size 
increased (Fig. 2.2).  Principal components for landscape structure were not readily 
interpretable, so all three original variables were used in modeling.  Few or no patches were 
identified in patch networks derived from 200-m and 250-m spur sizes (Fig. 2.3), so networks 
derived from spurs larger than 150 m were not modeled.  
Models incorporating time-dependent detection probability (i.e., p(t)) were always 
better supported by the data than models assuming constant detection (i.e., p(.), Table 2.3).    
Similarly, the Poisson distribution was always better supported than the zero-inflated Poisson 
(ZIP) distribution.  Finally, a landscape composition model of food, cover, and water was best 
supported by the data, though only slightly better than a model using just cover and water 
(ΔAIC = 2.3).  The average detection probability across all survey intervals for this model was 
7.3%.     
Using mean patch size as a covariate, the patch network derived from the 150-m spur 
size was best supported by the data (Table 2.4).  The addition of models with total edge and 
number of patches as covariates were not well-supported in the candidate set.  While the best 
composition model indicated some over-dispersion (i.e.,  ̂-value > 1), it exhibited better model 
fit than the best landscape structure model. 
Predicted cluster density using the cover, water and food model ranged from 0.4 to 13.5 
clusters per tile (Appendix D).  The highest cluster densities occurred in a large swath extending 
diagonally across the study area, corresponding closely to observed cluster detections during 
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roadside surveys (Fig. 2.4).  Modeled cluster density predicted from landscape composition was 
73% higher than cluster density estimated from roadside surveys (Fig. 2.5).  Based upon an 
approximately 80-m strip centered on sampled roads, impervious surface and grass were (<5%) 
over-represented during counts; all other categories were under-represented by similar 
amounts (Fig. 2.6).  Overall abundance (i.e., cluster density times average cluster size) for the 
28.9 km-2 study area predicted from the landscape composition model was 218 deer (95% CI: 
192 deer to 244 deer).  Only 2 of 19 tiles representing predominantly residential land-use were 
characterized along a gradient of impervious land cover; the remaining tiles of residential land-
use were associated with vegetated land cover (Fig. 2.7). 
 
Discussion 
 Understanding the scale at which wildlife perceives and use the landscape is important 
to successful habitat suitability modeling (Mayer and Cameron 2003, Gottschalk et al. 2011).  
Adopting an animal-centric approach to patch delineation represents a first step in that 
direction.  Typically, rules of contiguity are used to delineate patches because they are intuitive 
and accessible in most spatial analysis programs (McGarigal et al. 2012).  Rules of contiguity, 
however, are sensitive to the minimum mapping unit of the imagery and do not account for the 
behavior of the species of interest (Girvetz and Greco 2007).  For many species, however, 
defining gap and spur thickness values will be problematic due to a paucity of data on 
behavioral responses.     
In a comprehensive review and meta-analysis, Stankowitch (2008) demonstrated robust 
but highly variable effect-sizes related to several behavioral responses of ungulates to human 
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intrusion.  But flight responses inform biologists about minimum spur thicknesses and not 
habitat gap widths, which can only be gleaned from radio-telemetry studies.  Even for well-
studied taxa like ungulates, settling on definitive numbers for these key parameters was 
challenging.  Walter et al. (2009) delineated landscape patches based on perceptual distances 
of white-tailed deer in a study of home range size determination in deer of the Midwest.  They 
used minimum movement displacements from radio-collared animals to set gap and spur 
thresholds, but did not attempt to identify scale sensitivity through modeling.   
The patch network best supported by my data, using a 150-m spur size (Fig. 2.3), was 
sparse and not well-connected.  Cluster detections were associated with relatively well-defined, 
larger patches of cover on the landscape leaving open the possibility that deer perceive the 
utility of some patches differently than others.  For example, some patches may be suitable for 
escape cover, while others may only be utilized as travel corridors between foraging sites.  
Analysis of winter track counts of deer in the eastside communities supports this interpretation 
(Pevzner 2014). 
Detections of deer documented in Chapter One of this thesis were closely associated 
with proximity to cover and cover was the dominant landscape composition variable in 
abundance modeling (Table 2.3).  Deer dispersal (Long et al. 2005) and distribution (Roseberry 
and Woolf 1998) show strong relationships with distance to cover and proportion of forest 
cover in the landscape.  In addition, abundance models from landscape composition variables 
revealed a spatial distribution gradient similar to results presented in Chapter One of this 
thesis.  Models using landscape structure variables exhibited poorer fits to the data than 
composition variables.  It is possible that the process of arbitrarily tiling the landscape distorted 
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patch metrics by virtue of chance placement of tile boundaries.  Future modeling will focus on 
minimizing the effects of imposing arbitrary boundaries on natural patch configurations.   
Deer density modeled from landscape composition and structure covariates was nearly 
twice as large as density estimated from distance sampling along roadways (Chapter One).  
Modeled cluster densities seem reasonable, however, exhibiting a high concentration in the 
vicinity of St. Mary’s Cemetery.  Because I used the same detections in both procedures, I have 
no independent way to verify which estimate is biased – I can only infer which estimate is 
better supported based upon the assumptions of its derivation.  For example, four assumptions 
are made when using binomial mixture models: (1) the number of observations is constant (i.e., 
a closure assumption), (2) each observation is independent, (3) each observation represents 
one of two outcomes, either success or failure, and (4) the probability of success is the same for 
each outcome (Kéry et al. 2005).  I have no evidence of severe violation of any of the 
assumptions of mixture modeling.   
For distance sampling, the key assumptions are: (1) deer on the roadway are detected 
with perfect probability, (2) deer are detected at their initial location prior to movement and (3) 
distances and angles are measured accurately.  Larger sampling issues include that (4) deer are 
distributed randomly relative to the placement of roadways and that (5) detections are 
independent.  The fourth assumption was out of my control and could be a source of 
discrepancy for two reasons.   
First, wildlife can be attracted to or repelled from roadways thus violating the 
availability-proportional-to-area condition (Marques et al. 2010), and landscape composition 
along roadways throughout each tile may not adequately represent the study area.  These are 
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commonly cited and legitimate criticisms of sampling along roadways.  I detected no severe 
violations of the distance sampling assumptions in my data, and there was no clear 
misrepresentation of tile composition based on an analysis of the effectively sampled area 
around the road (Fig. 2.7).   
Second, because I conducted sunrise counts of deer, it is more likely that many deer 
were unavailable for detection since peak activity occurs in the hours before sunrise 
(Hölzenbein and Schwede 1989).  While I attempted to account for disparity in encounter rates 
between sunrise and sunset counts, the multiplier I used was calculated using ratios derived 
from a study of deer in a rural area of upstate New York (Underwood et al. 1994).  Walter et al. 
(2011) and Agetsuma et al. (2014) documented increased nocturnal activity in areas of heavy 
human and vehicle traffic, which would severely bias encounter rates with deer during sunrise 
counts downward.  
A major limitation of this study is a lack of detailed data on space use by deer.  Future 
research will focus on the analysis of home ranges and movements by deer in a similar upstate 
community (Woodard 2000) for the purpose of model refinement and validation.  In addition, I 
did not include aspects of connectivity in models of deer abundance.  Understanding the role 
that connectivity plays in how deer use the urban landscape, and how connectivity has changed 
over time will be critical to a more complete understanding of the urban deer phenomenon in 
the eastside communities of Syracuse. 
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Conclusions 
Deer abundance was well-modeled by covariates relating to large patches of cover 
across a heterogeneous urban landscape, which is consistent with what is known about deer 
use of space in rural areas.  However, the relationships I documented occurred across short 
(<100 km2) spatial extents, reflecting the highly interspersed nature of habitat constituents in 
urban areas.  In addition, scale sensitivity of deer to landscape structure was course-grained 
despite a high degree of multi-scale patch connectivity, suggesting that deer may use patches 
of vegetation differentially.  Measurements of habitat constituents from classified, high 
resolution orthoimagery performed satisfactorily in models of abundance and distribution of 
deer in this urban landscape.  
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Table 2.1. Error matrix of digital orthoimagery classified for the eastside communities of 
Syracuse, New York.   The  ̂ statistic of 0.81 indicated good agreement between reference and 
classified data. 
  Reference Data   
  Grass Impervious Trees Water Shrub Total 
User’s 
Accuracy 
C
la
ss
if
ie
d
 D
at
a 
Grass 87 4 9 0 0 100 87 
Impervious 3 81 14 1 1 100 81 
Trees 19 6 72 0 3 100 72 
Water 5 4 2 89 0 100 89 
Shrub 2 0 4 0 94 100 94 
 Total 116 95 101 90 98 500  
 
Producer’s 
Accuracy 
75 85 71 99 96  85% 
 
  
37 
 
Table 2.2.  Principal components analysis of land cover composition (%) in 5 classes derived 
from a supervised classification of orthoimagery for the eastside communities of Syracuse, New 
York.  Bold-faced type indicates weights used for interpreting latent variables.   
  
Latent Variables and Weights 
 
Classification 1 2 3 4 5 
Grass 0.15 -0.44 0.75 0.16 0.44 
Impervious -0.68 0.25 -0.11 -0.06 0.68 
Water 0.18 0.67 0.19 0.69 0.03 
Tree 0.50 -0.24 -0.60 0.24 0.52 
Shrub 0.47 0.49 0.18 -0.66 0.27 
Eigenvalues 1.90 1.64 1.12 0.33 0.00 
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Table 2.3.  Candidate models of abundance derived from roadside counts of white-tailed deer 
in the eastside communities of Syracuse, New York, 2013.   Abundance was modeled from land 
cover covariates corresponding to cover, water and food (CWF). 
Candidate Model Set 1: Count Distribution 
Model Name # Parameters AIC ΔAIC AIC Wt.a Distributionb 
λ(CWF)p(t)c 17 540.73 0 0.73 P 
λ(CWF)p(t) 18 542.73 2.00 0.27 ZIP 
λ(.)p(t) 15 566.52 25.78 0 ZIP 
λ(.)p(t) 14 570.05 29.31 0 P 
λ(.)p(.) 3 600.23 59.50 0 ZIP 
λ(.)p(.) 2 604.90 64.17 0 P 
a AIC Wt. is the weight of evidence in favor of the model using Akaike’s 
Information Criterion.  Larger AIC weights indicate better support of the model 
in the dataset. 
b Poisson (P) distributions use temporal replicates to model λ and p 
simultaneously. Zero-inflated Poisson (ZIP) distributions also include an over-
dispersion parameter. 
c  ̂ = 1.3, which indicates 30% un-modeled heterogeneity. 
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Table 2.4.  Candidate models of abundance derived from roadside counts of white-tailed deer 
in the eastside communities of Syracuse, New York, 2013.   Abundance was modeled from land 
cover covariates corresponding to cover, water and food (CWF) and Poisson-distributed counts. 
Candidate Model Set 2: Landscape Composition 
Model Name # Parameters AIC ΔAIC AIC Weight 
λ(CWF)p(t)c 17 540.73 0 0.68 
λ(CW)p(t) 16 543.02 2.29 0.22 
λ(CF)p(t) 16 545.49 4.75 0.063 
λ(C)p(t) 15 546.31 5.58 0.042 
λ(.)p(t) 14 570.05 29.31 0 
λ(F)p(t) 15 571.14 30.40 0 
λ(.)p(.) 2 604.90 64.17 0 
c  ̂ = 1.3, which indicates 30% un-modeled heterogeneity. 
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Table 2.5.  Candidate models of abundance derived from roadside counts of white-tailed deer 
in the eastside communities of Syracuse, New York, 2013.   Abundance was modeled using a 
binomial mixture model as a function of mean patch size (MPS) from networks derived from 
different spur sizes.   
Candidate Model Set 3: Patch Scale Sensitivity 
Model Name # Parameters AIC ΔAIC AIC Weight 
λ(150MPS)p(t)a 15 556.54 0 0.96 
λ(125MPS)p(t) 15 563.26 6.72 0.033 
λ(100MPS)p(t) 15 569.83 13.30 0.0012 
λ(.)p(t) 14 570.05 13.51 0.0011 
λ(50MPS)p(t) 15 570.67 14.13 8.20e-4 
λ(25MPS)p(t) 15 570.85 14.32 7.50e-4 
λ(75MPS)p(t) 15 571.14 14.60 6.50e-4 
λ(.)p(.) 2 604.90 48.37 0 
a  ̂ = 1.4, which indicates 40% un-modeled heterogeneity. 
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Table 2.6.  Candidate models of abundance derived from roadside counts of white-tailed deer 
in the eastside communities of Syracuse, New York, 2013.   Abundance was modeled using a 
binomial mixture model as a function of mean patch size (MPS), total edge (TE) and number of 
patches (NP).   
Candidate Model Set 4: Patch Structure Metrics 
Model Name # Parameters AIC ΔAIC AIC Weight 
λ(150MPS)p(t) 15 556.54 0 0.99 
λ(150TE)p(t) 15 567.93 11.40 0.0033 
λ(.)p(t) 14 570.05 13.51 0.0012 
λ(150NP)p(t) 15 570.97 14.43 0.00073 
λ(.)p(.) 2 604.90 48.37 0 
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Figure 2.1.  Land cover classification of the eastside communities of Syracuse, New York from 
high resolution, digital orthoimagery. 
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Figure 2.2.  Patch networks derived from PatchMorph, a hierarchical, animal-centric delineation 
algorithm.  Smaller spur size results in higher patch connectivity. 
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Figure 2.3.  Patch characteristics of networks derived from differing spur sizes for the eastside 
communities of Syracuse, New York, 2013.  
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Figure 2.4.  Predicted cluster density (No. km-2) for the eastside communities of Syracuse, New 
York, based on a binomial mixture model incorporating landscape composition covariates. 
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Figure 2.5.  Comparison between modeled  (upper) and estimated (lower) deer cluster density 
for the eastside communities of Syracuse, New York, 2013.  Error bars represent 95% 
confidence intervals. 
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Figure 2.6.  Landscape composition (%) between 1-km2 tiles and the accumulated area covered 
by the effective strip half-width (ESW) during roadside counts of deer in the eastside 
communities of Syracuse, New York, April – October, 2013. 
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Figure 2.7. Principal components ordination of 1-km2 tiles according to land cover composition 
(%) and classified by land-use type in the eastside communities of Syracuse, New York, 2013.   
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Epilogue 
The goals of this thesis were to: (1) estimate deer abundance, (2) quantify habitat 
constituents in an urban area, and (3) identify explanatory landscape covariates.  Habitat 
constituents in the eastside communities of Syracuse were fulfilled in areas that look 
remarkably like residential backyards, which supports the supposition that urban and suburban 
areas are attractive for white-tailed deer (McCullough et al. 1992, McAninch 1995, Piccolo et al. 
2000).  By predicting deer responses to changes in landscape composition and structure, it is 
my hope that something can be learned about the causes of overabundance.  Management ex-
post facto, while often effective is expensive, time-consuming and perpetual.  Preventing deer 
overabundance mitigates the need for management and saves precious resources.   
In Chapter One of this thesis, I used distance sampling methods (Thomas et al. 2010) to 
estimate deer population density and abundance in the eastside communities of Syracuse, New 
York.  I surveyed deer within an hour of sunrise from randomly selected public roadways and 
estimated population density, average cluster size, and probability of detection.  Deer were 
detected in close proximity to vegetated areas associated with cemeteries, vacant lots, parks, 
and residential areas.  I estimated a population size for a 28.9 km2 portion of the study area, 
corrected for missed detections, of 121 deer (95% CI: 93 ― 159). 
In Chapter Two, I modeled cluster abundance as a function of landscape covariates.  I 
classified high resolution orthoimagery for the eastside communities of Syracuse, which has a 
much smaller spatial extent (approximately 40 km2) than other studies of deer space use.  I 
used an estimated annual home range size of 1-km2, based on radio-telemetry studies of deer 
in other urban and suburban settings (Cornicelli et al. 1996, Porter et al. 2004, Urbanek and 
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Nielsen 2013), to tile the study area for landscape analyses.  I used spatial statistics to quantify 
landscape composition and structure in each tile.  Rather than using contiguity rules to 
delineate patches, I used a hierarchical patch delineation algorithm to identify patches of 
potential escape cover at several spatial scales (Girvetz and Greco 2007).  I explored scale 
sensitivity by modeling deer abundance with binomial mixture models (Royle 2004) and by 
using multi-model inference (Anderson 2008).   The model best-supported by the data included 
landscape composition variables for cover, water and food and predicted a total of 218 deer 
(95% CI: 192 deer to 244 deer) in the eastside communities. 
Future modeling should focus on developing connectivity covariates to aid in the 
understanding of dispersal and range expansion.  The final models should be validated with an 
independent data set, to ensure their accuracy in predicting deer abundance in a more general 
sense.  It is my hope that the results of this study will aid in the prevention of deer 
overabundance and lead to conflict-reducing land-use planning in urban environments. 
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Appendix A. Metadata from NYS GIS Clearinghouse digital orthoimagery.  
Identification_Information: 
Originator:NYS Division of Homeland Security and Emergency Services - Office of Cyber Security 
Publication_Date:20121015 
Title:Onondaga_6in_2012 
Geospatial_Data_Presentation_Form:vector digital data 
Series_Name:NYS Digital Ortho-imagery Program (NYSDOP) 
Issue_Identification:2012 imagery in Onondaga County 
Publication_Place:Albany, New York 
Publisher:NYS-OCS 
Description: 
Abstract: 
These files contain 2012 digital Ortho-imagery of Onondaga County, New York. Image 
pixel size is 0.5' GSD. Image type is 4-band, RGB & NIR. Image horizontal accuracy is 
within 4' at the 95% confidence level (NSSDA). Each file contains an image covering 2000 
ft. by 3000 ft. on the ground. 
These files contain 2012 digital Ortho-imagery of Onondaga County, New York. Image pixel size 
is 0.5' GSD. Image type is 4-band, RGB & NIR. Image horizontal accuracy is within 4' at the 95% 
confidence level (NSSDA). Each file contains an image covering 2000 ft. by 3000 ft. on the 
ground. 
Purpose: 
This digital Ortho-imagery can serve a variety of purposes, from general planning to field 
reference for spatial analysis to a tool for revision of vector maps. It can also serve as a 
reference layer for GIS. 
This digital Ortho-imagery can serve a variety of purposes, from general planning to field 
reference for spatial analysis to a tool for revision of vector maps. It can also serve as a 
reference layer for GIS. 
Beginning_Date:20120321 
Ending_Date:20120413 
Currentness_Reference: ground condition 
Progress:Complete 
Maintenance_and_Update_Frequency:Irregular 
Spatial_Domain: 
Bounding_Coordinates: 
West_Bounding_Coordinate: -76.408595 
East_Bounding_Coordinate: -75.912268 
North_Bounding_Coordinate: 43.249342 
South_Bounding_Coordinate: 42.934738 
Keywords: 
Theme_Keyword_Thesaurus:Orthophoto, ortho 
Theme_Keyword:Digital Ortho-imagery 
Place_Keyword_Thesaurus:none 
Place_Keyword:Onondaga County 
Place_Keyword:New York 
Access_Constraints:Some imagery tiles are classified as sensitive due to their content. 
Use_Constraints: 
 Use of sensitive imagery, if granted, is only for the use specified in the request. 
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Use of sensitive imagery, if granted, is only for the use specified in the request. 
Data_Quality_Information: 
Logical_Consistency_Report: 
The dataset contains raster images or digital ortho images so the logical consistency 
report is not applicable. The file naming convention was supplied by New York State. 
When the ortho tiles were created the file names were restricted to a numeric value 
representing the lower left corner of the ortho tile. These tiles were then all renamed 
using a batch script so that they reflected the N.Y. state standard (i.e. 
"c_09331178_06_5000_4bd_2012.tif"). Consistency of file naming was ensured by using 
a batch process. The file naming convention consists of the first letter for Central, East, 
West or Long Island for New York State Plane Coordinate Systems (NYSPCS). The 
following four numeric characters represent the first four characters of the "X" 
coordinate value for the tile's lower left corner coordinate in NYSPCS and the next four 
characters represent the first four characters of the "Y" coordinate value for the tile's 
lower left corner coordinate in NYSPCS. The next two numeric characters represent the 
tile's Ground Sampling Distance (GSD) value in ft. The following five numeric characters 
represent the Above Mean Terrain (AMT) nominal height at which the DMC sensor 
recorded or collected the original imagery for the corresponding area. The next three 
characters are "4bd" for 4-band ortho-photos. Lastly, the last four numeric digits 
represent the year in which the particular ortho was created. 
The dataset contains raster images or digital ortho images so the logical consistency report is 
not applicable. The file naming convention was supplied by New York State. When the ortho 
tiles were created the file names were restricted to a numeric value representing the lower left 
corner of the ortho tile. These tiles were then all renamed using a batch script so that they 
reflected the N.Y. state standard (i.e. "c_09331178_06_5000_4bd_2012.tif"). Consistency of file 
naming was ensured by using a batch process. The file naming convention consists of the first 
letter for Central, East, West or Long Island for New York State Plane Coordinate Systems 
(NYSPCS). The following four numeric characters represent the first four characters of the "X" 
coordinate value for the tile's lower left corner coordinate in NYSPCS and the next four 
characters represent the first four characters of the "Y" coordinate value for the tile's lower left 
corner coordinate in NYSPCS. The next two numeric characters represent the tile's Ground 
Sampling Distance (GSD) value in ft. The following five numeric characters represent the Above 
Mean Terrain (AMT) nominal height at which the DMC sensor recorded or collected the original 
imagery for the corresponding area. The next three characters are "4bd" for 4-band ortho-
photos. Lastly, the last four numeric digits represent the year in which the particular ortho was 
created. 
Completeness_Report: The project consisted of 1393 final tiles. 
Process_Description: 
The Digital Natural Color aerial imagery was acquired in Spring 2012 using a DMC sensor 
flown at a nominal height of 5000' AMT (Above Mean Terrain). ABGPS data was also 
collected and processed using POSPac  (version 5.1) Mobile Mapping Suite .  The Ground 
Control used to support the 4-band ortho-imagery production was collected by 
identifying strategic points on previous aerial photography and supplemented by 
selecting new points or photo identifiable points (PID) in areas where needed due to a 
lack or minimal existence of points from previous ortho-imagery production projects and 
then determining the precise location coordinates of the entire ground control network 
by using ground survey techniques. The new Ground Control Network was also 
supplemented by targeting existing New York State HARN stations data. The Digital Aerial 
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Triangulation (DAT) was performed, primarily, using softcopy workstations and 
Intergraph's ISAT. DAT solutions were independently reviewed and checked using 
independent blind control points. Digital Elevation Models (DEM) (mass-points and break-
lines) used to support ortho imagery production were supplied by the state and updated 
using standard photogrammetric collection techniques on Intergraph soft copy 
workstations. The images were then ortho-rectified using Sanborn's proprietary APS 
orthophoto software modules. Color balancing, seamless mosaicking was performed by 
automatic and manual seam line creation steps, final color balancing and final extractions 
were also accomplished using this software. A final tile by tile quality control was 
performed using Adobe PhotoShop software.  The imagery product deliverables are 
GeoTIFF images with embedded header information describing the required projection, 
pixel size, tile size and other related data and corresponding world files (.tfw).  Derivative 
compressed imagery is also available in JP2000 format. 
The Digital Natural Color aerial imagery was acquired in Spring 2012 using a DMC sensor flown 
at a nominal height of 5000' AMT (Above Mean Terrain). ABGPS data was also collected and 
processed using POSPac (version 5.1) Mobile Mapping Suite . The Ground Control used to 
support the 4-band ortho-imagery production was collected by identifying strategic points on 
previous aerial photography and supplemented by selecting new points or photo identifiable 
points (PID) in areas where needed due to a lack or minimal existence of points from previous 
ortho-imagery production projects and then determining the precise location coordinates of the 
entire ground control network by using ground survey techniques. The new Ground Control 
Network was also supplemented by targeting existing New York State HARN stations data. The 
Digital Aerial Triangulation (DAT) was performed, primarily, using softcopy workstations and 
Intergraph's ISAT. DAT solutions were independently reviewed and checked using independent 
blind control points. Digital Elevation Models (DEM) (mass-points and break-lines) used to 
support ortho imagery production were supplied by the state and updated using standard 
photogrammetric collection techniques on Intergraph soft copy workstations. The images were 
then ortho-rectified using Sanborn's proprietary APS orthophoto software modules. Color 
balancing, seamless mosaicking was performed by automatic and manual seam line creation 
steps, final color balancing and final extractions were also accomplished using this software. A 
final tile by tile quality control was performed using Adobe PhotoShop software. The imagery 
product deliverables are GeoTIFF images with embedded header information describing the 
required projection, pixel size, tile size and other related data and corresponding world files 
(.tfw). Derivative compressed imagery is also available in JP2000 format. 
Process_Date:Unknown 
Source_Produced_Citation_Abbreviation: Aerial Imagery 
Contact_Person:Shawn Benham 
Contact_Organization:Sanborn Map Company Inc. 
Contact_Position:Project Manager 
Address_Type:mailing address 
Address: 
1935 Jamboree Drive, Suite 100 
Colorado Springs, CO 80920 
Country:USA 
Contact_Voice_Telephone:719-502-1296 
Contact_Electronic_Mail_Address:sbenham@sanborn.com 
Hours_of_Service:9am - 5pm Eastern Time 
Process_Step: 
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Process_Description: 
Metadata imported. 
Metadata imported. 
Process_Date:20121018 
Cloud_Cover:1% 
Spatial_Data_Organization_Information: 
Direct_Spatial_Reference_Method:Vector 
SDTS_Point_and_Vector_Object_Type:G-polygon 
Point_and_Vector_Object_Count:270 
Spatial_Reference_Information: 
Map_Projection_Name:Transverse Mercator 
Transverse_Mercator:Transverse Mercator 
Scale_Factor_at_Central_Meridian:0.999938 
Longitude_of_Central_Meridian:-76.583333 
Latitude_of_Projection_Origin:40.000000 
False_Easting:820208.333333 
False_Northing:0.000000 
Planar_Coordinate_Encoding_Method:coordinate pair 
Coordinate_Representation: 
Abscissa_Resolution:0.000000 
Ordinate_Resolution:0.000000 
Planar_Distance_Units:survey feet 
Horizontal_Datum_Name:North American Datum of 1983 
Ellipsoid_Name:Geodetic Reference System 80 
Semi-major_Axis:6378137.000000 
Denominator_of_Flattening_Ratio:298.257222 
Entity_Type_Label: Onondaga_6in_2012 
Distribution_Information: 
Resource_Description:Downloadable Data 
Transfer_Size:0.006 
Metadata_Reference_Information: 
Metadata_Date:20121018 
Contact_Person:Tim Ruhren 
Contact_Organization:NYS Division of Homeland Security and Emergency Services - Office of 
Cyber Security 
Address_Type:mailing and physical address 
Address: 
Harriman State Office Campus 
1220 Washington Avenue 
Building 7A, 4th Floor 
 Albany, NY 12242 
Country:USA 
Contact_Voice_Telephone:(518) 242-5029 
Contact_Facsimile_Telephone:(518) 322-4976 
Contact_Electronic_Mail_Address:nysgis@dhses.ny.gov 
Metadata_Standard_Name:FGDC Content Standards for Digital Geospatial Metadata 
Metadata_Standard_Version:FGDC-STD-001-1998 
Metadata_Time_Convention:local time 
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Appendix B.  Composition, structure and predicted cluster density of 1-km2 tiles in a patch 
network created with 125-m gap and 150-m spur thresholds and PatchMorph.    
Tile grass impervious water tree shrub TE MPS NP Predicted Abundance 
# % % % % % m ha # Clusters km
-2
 
0 26.0 43.2 0.0 29.7 1.1 0.0 0.0 0.0 3.4 
1 22.1 40.0 0.0 36.7 1.2 3333.5 10.2 2.0 4.4 
2 20.5 41.2 0.1 33.8 4.4 2674.0 3.8 3.0 3.5 
4 16.9 28.0 0.0 49.9 5.1 5302.9 14.3 3.0 11.3 
5 14.5 48.2 1.0 28.5 7.7 2514.4 4.1 3.0 0.8 
8 25.3 46.1 0.0 26.2 2.4 481.8 1.0 1.0 2.7 
9 28.1 34.8 0.0 35.0 2.1 1945.3 4.4 2.0 7.2 
10 37.7 33.1 0.1 25.4 3.7 1457.5 15.6 3.0 9.4 
11 38.9 33.4 0.2 25.2 2.3 1683.3 1.6 3.0 8.0 
12 30.3 33.8 0.3 24.7 11.0 3562.3 3.4 4.0 6.6 
13 38.0 31.8 1.4 21.6 7.3 1963.4 1.6 3.0 3.3 
16 29.5 39.9 0.0 25.9 4.7 502.9 1.1 1.0 4.8 
17 25.9 38.9 0.1 32.1 3.0 2406.0 7.7 2.0 4.5 
18 32.5 37.6 0.1 22.9 6.8 0.0 0.0 0.0 5.7 
19 36.2 37.2 0.4 22.5 3.7 201.8 0.1 1.0 5.0 
20 24.1 32.5 0.1 31.8 11.4 1861.0 4.4 2.0 7.9 
21 24.8 37.2 0.2 32.5 5.3 1150.3 1.5 2.0 4.9 
22 18.9 29.0 1.2 29.9 20.9 4167.6 15.7 2.0 3.6 
24 25.1 51.2 0.0 19.8 4.0 0.0 0.0 0.0 1.8 
25 21.8 48.0 0.0 28.4 1.7 0.0 0.0 0.0 2.2 
26 24.9 44.7 0.1 28.6 1.7 0.0 0.0 0.0 2.9 
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Appendix B (continued). Composition, structure and predicted cluster density of 1-km2 tiles in a 
patch network created with 125-m gap and 150-m spur thresholds and PatchMorph. 
Tile grass impervious water tree shrub TE MPS NP Predicted Abundance 
# % % % % % m ha # Deer km
-2
 
27 25.3 35.3 0.2 36.2 3.0 1002.8 4.5 1.0 6.0 
28 23.6 26.6 0.1 45.9 3.9 3673.8 15.0 2.0 13.5 
29 32.4 34.6 0.1 30.5 2.4 0.0 0.0 0.0 7.3 
30 26.3 40.9 0.8 26.1 5.9 695.6 2.2 1.0 2.2 
32 15.4 67.3 0.0 17.2 0.1 0.0 0.0 0.0 0.4 
33 29.3 42.5 0.0 27.4 0.9 0.0 0.0 0.0 3.9 
34 21.7 48.7 0.0 27.2 2.4 0.0 0.0 0.0 2.1 
35 27.0 44.5 0.0 25.2 3.3 849.2 3.4 1.0 3.2 
36 29.8 42.3 0.1 26.4 1.4 117.4 0.0 1.0 3.8 
37 28.1 40.0 0.1 28.5 3.3 858.2 2.1 1.0 4.3 
38 24.2 58.1 0.1 16.0 1.6 861.2 0.7 2.0 0.8 
40 19.9 58.3 0.1 21.3 0.3 0.0 0.0 0.0 0.8 
41 19.5 59.5 0.0 20.3 0.7 782.9 2.9 1.0 0.8 
42 21.7 56.9 0.0 16.3 5.0 0.0 0.0 0.0 1.0 
43 21.5 51.1 0.9 22.2 4.2 623.3 1.9 1.0 0.7 
44 28.3 52.2 0.5 15.4 3.5 722.7 1.8 1.0 1.1 
45 20.1 51.2 0.6 23.0 5.2 2044.7 5.5 2.0 0.9 
46 25.5 47.9 1.6 15.6 9.4 1484.6 2.0 2.0 0.6 
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Appendix C.  Correlation matrices between landscape composition and structure variables for 
spur sizes <200 m. 
Variable Correlations using 25-m Spur Size 
 
Grass Impervious Water Tree Shrub TE MPS NP 
Grass 1.00 
       Impervious -0.46 1.00 
      Water -0.01 -0.08 1.00 
     Tree -0.16 -0.69 -0.26 1.00 
    Shrub -0.06 -0.42 0.62 0.04 1.00 
   TE 0.28 -0.72 0.17 0.46 0.43 1.00 
  MPS -0.21 -0.46 0.18 0.39 0.68 0.35 1.00 
 NP 0.19 0.17 -0.26 -0.14 -0.40 -0.05 -0.58 1.00 
 Variable Correlations using 50-m Spur Size 
 
Grass Impervious Water Tree Shrub TE MPS NP 
Grass 1.00 
       Impervious -0.37 1.00 
      Water -0.05 -0.02 1.00 
     Tree -0.27 -0.67 -0.31 1.00 
    Shrub -0.16 -0.35 0.61 -0.02 1.00 
   TE -0.06 -0.71 0.18 0.56 0.56 1.00 
  MPS -0.37 -0.54 0.06 0.66 0.45 0.68 1.00 
 NP 0.27 -0.14 0.05 -0.07 0.03 0.16 -0.40 1.00 
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Appendix C (continued). Correlation matrices between landscape composition and structure 
variables for spur sizes <200 m. 
Variable Correlations using 75-m Spur Size 
 
Grass Impervious Water Tree Shrub TE MPS NP 
Grass 1.00 
       Impervious -0.37 1.00 
      Water -0.05 -0.02 1.00 
     Tree -0.27 -0.67 -0.31 1.00 
    Shrub -0.16 -0.35 0.61 -0.02 1.00 
   TE -0.12 -0.64 0.23 0.51 0.58 1.00 
  MPS -0.39 -0.46 0.02 0.65 0.32 0.59 1.00 
 NP 0.35 -0.26 0.21 -0.09 0.19 0.35 -0.25 1.00 
 
Variable Correlations using 100-m Spur Size 
 Grass Impervious Water Tree Shrub TE MPS NP 
Grass 1.00        
Impervious -0.37 1.00       
Water -0.06 -0.01 1.00      
Tree -0.27 -0.67 -0.30 1.00     
Shrub -0.16 -0.35 0.61 -0.02 1.00    
TE -0.22 -0.59 0.21 0.55 0.55 1.00   
MPS -0.37 -0.44 -0.04 0.69 0.19 0.62 1.00  
NP 0.13 -0.36 0.28 0.08 0.42 0.70 -0.07 1.00 
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Appendix C (continued).  Correlation matrices between landscape composition and structure 
variables for spur sizes <200 m. 
Variable Correlations using 125-m Spur Size 
 
Grass Impervious Water Tree Shrub TE MPS NP 
Grass 1.00 
       Impervious -0.31 1.00 
      Water -0.09 0.07 1.00 
     Tree -0.31 -0.68 -0.37 1.00 
    Shrub -0.21 -0.34 0.60 0.00 1.00 
   TE -0.39 -0.56 0.08 0.64 0.52 1.00 
  MPS -0.49 -0.47 0.01 0.72 0.32 0.77 1.00 
 NP 0.01 -0.34 0.08 0.17 0.37 0.61 -0.02 1.00 
 Variable Correlations using 150-m Spur Size 
 
Grass Impervious Water Tree Shrub TE MPS NP 
Grass 1.00 
       Impervious -0.30 1.00 
      Water -0.08 0.09 1.00 
     Tree -0.34 -0.67 -0.40 1.00 
    Shrub -0.20 -0.36 0.59 0.00 1.00 
   TE -0.40 -0.54 0.07 0.65 0.46 1.00 
  MPS -0.50 -0.45 -0.14 0.80 0.15 0.83 1.00 
 NP -0.04 -0.47 0.27 0.22 0.59 0.77 0.32 1.00 
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Appendix D.  Cluster densities, standard errors, and 95% confidence intervals predicted by the 
best-supported landscape composition model. 
 
  95 % CI 
Tile No. Cluster Density Standard Error Lower Limit Upper Limit 
0 3.5 1.2 1.7 6.8 
1 4.4 1.6 2.2 9.0 
2 3.6 1.3 1.7 7.3 
4 11.3 5.0 4.8 26.8 
5 0.8 0.5 0.2 2.6 
8 2.7 1.0 1.3 5.5 
9 7.2 2.5 3.7 14.2 
10 9.4 3.7 4.4 20.1 
11 8.0 3.2 3.7 17.3 
12 6.6 2.3 3.3 13.0 
13 3.3 2.0 1.0 11.0 
16 4.8 1.6 2.5 9.4 
17 4.5 1.5 2.3 8.7 
18 5.7 2.0 2.9 11.1 
19 5.0 1.9 2.4 10.3 
20 7.9 2.8 3.9 15.9 
21 4.9 1.7 2.5 9.5 
22 3.6 2.3 1.1 12.2 
24 1.8 0.7 0.8 3.9 
25 2.2 0.9 1.0 4.7 
26 2.9 1.1 1.5 5.9 
27 6.0 2.1 3.0 11.7 
28 13.5 5.4 6.1 29.7 
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Appendix D (continued). Cluster densities, standard errors, and 95% confidence intervals 
predicted by the best-supported landscape composition model. 
   95 % CI 
Tile No. Cluster Density Standard Error Lower Limit Upper Limit 
29 7.3 2.5 3.7 14.4 
30 2.2 0.9 0.9 5.1 
32 0.4 0.2 0.1 1.3 
33 3.9 1.4 2.0 7.8 
34 2.1 0.8 1.0 4.5 
35 3.2 1.1 1.6 6.4 
36 3.8 1.3 1.9 7.4 
37 4.4 1.5 2.2 8.4 
38 0.9 0.4 0.3 2.2 
40 0.8 0.4 0.3 2.1 
41 0.8 0.4 0.3 2.1 
42 1.0 0.5 0.4 2.5 
43 0.7 0.4 0.3 2.2 
44 1.1 0.5 0.5 2.6 
45 0.9 0.5 0.4 2.4 
46 0.6 0.4 0.1 2.4 
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